We propose a modified dynamic time warping (DTW) algorithm that compares gesture-position sequences based on the direction of the gestural movement. Standard DTW does not specifically consider the two-dimensional characteristic of the user's movement. Therefore, in gesture recognition, the sequence comparison by standard DTW needs to be improved. The proposed gesturerecognition system compares the sequences of the input gesture's position with gesture positions saved in the database and selects the most similar gesture by filtering out unrelated gestures. The suggested algorithm uses the cosine similarity of the movement direction at each moment to calculate the difference and reflects the characteristics of the gesture movement by using the ratio of the Euclidean distance and the proportional distance to the calculated difference. Selective spline interpolation assists in solving the issue of recognition-decline at instances of gestures. Through experiments with public databases (MSRC-12 and G3D), the suggested algorithm revealed an improved performance on both databases compared to other methods.
Introduction
In human-computer interaction (HCI), replacing the mouse and keyboard with the users' voice and movement as input mechanisms is a popular topic in present-day research. This has been a result of the substantial improvement in hardware performance and new sensor technology. An analysis of the movement obtained from the sensor in order to determine the user intention is an important process of these types of HCI. HCI gesture-recognition technology mostly consists of pattern-recognition technology. The recognition is mainly divided into two processes: the first process involves the extraction of the characteristics of a pattern, and the second process involves the categorization of the extracted features. A computer's acquisition of a user's characteristics typically occurs through a sensor or the processing of acquired data. The acquired characteristics from a gesture are sequential data, and pattern-recognition technologies are required to categorize them.
Methods such as dynamic time warping (DTW) and hidden Markov model (HMM) are used to analyze the sequential data. Research studies seek to improve these methods [1] . The DTW algorithm was developed to match sequence data that are of different lengths. The algorithm creates a cost table for each of the components of two sequence datasets, and it compares the two sequence datasets using dynamic programming that rotationally selects and saves the minimum cost. HMM is a probabilistic model that uses the transition probability of sequence data [2] . Neural network (NN) is a computer system modeled on the human brain and nervous system. Recently, deep learning methods (convolutional neural network, recurrent neural network) have provided reasonable results in computer vision research, while research is still on to improve their applicability in gesture recognition [3, 4] . The major challenge encountered in using deep learning during gesture recognition is the effective presentation of the gesture movements.
The use of deep learning-based methods requires remarkably large database for effectively training the inputs to obtain adequate results during the testing phase. Consequently and because all the processing is achieved within the hidden layers, it is challenging for the researcher to analyze the training 2 Mathematical Problems in Engineering process. Therefore, the flexibility of DTW, its requirement of a small-sized database during the training phase, and its being viewable under this process make it a convenient tool for matching process and hence a flexible method for analyzing the extracted features.
The matching based on DTW algorithm involves lesser database-learning pressure and provides steadier results compared with a probability-based algorithm. Owing to these strengths, DTW could be applied to various areas that use sequence data such as gesture [5] , voice [6] , hand-written letters [7] , and signatures [8] ; moreover, favorable results can be achieved without the need for a large amount of learning data. DTW [1] , edit distance with real penalty (ERP) [9] , and edit distance on real sequence (EDR) [10] consider each datum rather than the shape of the sequence trajectory. Angular metric for shape similarity (AMSS) [11] and longest common subsequence (LCSS) [12] are less influenced by outliers; however, AMSS requires preprocessing and is more sensitive to short vibrations. With respect to methods that consider the sequence shape, Derivative DTW (DDTW) [13] compares the shape by using differential sequences. As DDTW considers only the shape, its performance exhibits significant deviation according to the characteristics of the database.
This study introduces a modified DTW algorithm that is based on direction similarity (DS), to calculate the similarity while considering both the movement and shape of gestures. The suggested gesture-recognition system considers the hand-position data acquired from the camera as the sequence data, and if the length of the sequence is insufficient, it interpolates the length. After the normalization of both the position and size of the acquired sequence, gesture recognition is achieved through the use of the DTW algorithm, which reflects the direction characteristics to detect fast gestures.
DTW and Classification of Gestures

Classic DTW.
The DTW algorithm can be defined as a pattern-matching algorithm that permits nonlinear construction according to a time scale. To calculate the similarity of the lengths and of the two sequences = { 1 , 2 , . . . , } and = { 1 , 2 , . . . , }, respectively, a nonlinear adjustment course is set, and the minimalized pathway of 's distance is determined. is defined as follows:
and function that calculates the distance of is defined as follows:
The minimum of the total distance of the adjustment course is calculated as follows:
Numerous calculations are required for (3) as all the feasible pathways must be calculated; meanwhile, dynamic programming could also be used to solve the equation. When DTW is applied to the recognition system, the accuracy and efficiency of the calculation increased with the following four limits: an end point limitation that quadrates the start and end points of the input pattern and reference pattern; a monotone-increasing limitation that requires the increase of the monotone for the optimized pathway; a global-path constraint that limits the permitted areas of the input pattern and reference pattern; and a local constraint that limits the pathway to a node to prevent overcontraction or overexpansion [14] .
The application of the four constraints of DTW is depicted in Figure 1 . The calculation of the optimum path , in consideration of the local path limitation, is as follows:
The main calculation cost is incurred during the calculation process of the optimum adjustment of (3), and although a few limitations and dynamic programming could alleviate such issues, the limitation cannot accurately determine the results in the event that an optimal result exists outside of the selected data.
Improvement of DTW. DTW is used in various areas
including movement recognition [14] , voice recognition [15] , and data mining [1] . The previous research studies on DTW focused on the improvement of speed to solve the increasing complexity, followed by the increment of the sequence length. Sakoe and Chiba used several conditions to solve the problems of DTW [16] , while Stan and Phillip achieved an improved speed through an approximation process [17] ; Keogh and Ratanamahatana improved the speed by using the lowest-bound technology [18] . Figure 2 shows the Sakoe-Chiba and Itakura bands that are widely used to constrain the search area; limiting the search area tremendously aids the improvement of the speed; however, if the optimal matching pathway is outside of the search area, a favorable result is unlikely.
In addition to the purpose of speed improvement, a few researchers focused on improving the matching accuracy and recognition. Keogh and Pazzani recommended a Derivative DTW algorithm that uses the primary differential value [13] , whereby the algorithm compares the shape of the sequence albeit not that of the sequence value, as shown in Figure 3. 
Gesture Recognition by Using Classification Method.
By comparing the operation sequence using DTW, only a simple distance can be obtained; this distance implies similarity. With a variety of target gestures, -nearest neighbors ( -NN) is one of the common classification methods used with matching-based recognition algorithms. -NN using one representative of each class is the 1-NN method, and 1-NN is a commonly used classification method to reduce the problem of computational complexity. In addition to the method of measuring the similarity, there is a method of classifying the operation sequence through SVM; however, it does not exhibit high performance. 
Modified DTW Based on DS
The DTW algorithm only compares the sequence value, and, as a result, it cannot consider a variety of gestural characteristics. The position and direction of a gesture are important factors for the expression of a gesture [19] . To compare two sequences while considering both the position and direction, we introduced a DTW with an added distance that is in proportion to the DS; Figure 4 shows the process flow of the proposed method. The recognition system that uses the proposed method involves the use of a depth camera (Kinect of MS was used in our experiment) to receive the position of the user's joint and also to determine the position; then, we interpolate the depth data based on sequence length. 1-NN matches the previously defined gestures that are in the database and selects the most identical gesture; furthermore, it uses the threshold value to filter out insignificant gestures.
Input Normalization.
The sequences used in this section as examples demonstrate that the result of the normalization is a specially designed numeric action that is a convenient tool to analyze the performance of normalization. Figure 4 shows the overall system flow. The data of hand positions acquired from the Kinect device is likely to exhibit a substantial difference regarding the distance of the hand position from the sensor. Hand-position data are normalized based on the overall size and the position of a gesture. First, the length of a longer axis is determined by measuring the horizontal and vertical lengths of the overall gesture, and the points are shifted based on the average of all of the values. Figure 5 shows the results of gesture normalization, where (a) shows the two gesture sequences before normalization and (b) shows the two sequences after normalization. It is evident from these figures that a similar size and position are attained through normalization. 
Input
Interpolation. An input sequence requires an interpolation process before the comparison of the gestures in the database can occur. The DTW algorithm allows for difference of sequence length; however, repeated matching pathways are introduced when it occurs. Furthermore, similar challenges are higher for repeated matching pathway with noise; therefore, sequence interpolation could be used to solve this problem. We used a spline interpolation method that provides an approximate value for the abruptly changing function. Figure 6 shows the sequence-interpolation result of a straightforward number gesture. Spline interpolation was used in the experiment when the input sequence length was below the threshold value selected through experiments.
Modified DTW Based on DS.
Previous DTW methods used the distance between elements to determine the optimal matching pathway between two sequences; however, this often results in matching pathways that do not reflect the gestural characteristics and also results in negative recognition result. Figure 7(a) shows the pathways of "3" and "3," and Figure 7 (b) shows the pathways of "3" and "7"; when only the position data are used to compare the two, the right side exhibits a higher similarity. Even with the normalization, an inaccurate recognition result that is based on the person performing the gesture can appear; therefore, we propose a DTW algorithm that considers gestural-movement direction to supplement this problem.
A modified DTW based on DS calculates the directional distance, which is based on the cosine similarity between two elements; then, this method calculates shape matching pathways by using the linear combination of the directional distance and Euclidean distance. The following new equation is used to calculate the distance between the two elements:
where function calculates the Euclidean distance of the two sequence elements. Function calculates the DS of the two elements and is defined as follows:
which returns zero if the direction of the two vectors match and returns two if the directions are opposite to each other. is a constant to prevent the denominator from becoming zero, and is a constant coefficient that adjusts the size of the directional distance and Euclidean distance. The optimal value of is changed based on the database characteristics; in this study, we select the value with the highest recognition by adjusting the constant from one to zero at the learning step. and are directional vectors that were calculated from the differences among the elements, and the calculation is as follows:
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Considering the near elements ( − −1 , − −1 ) as well as the neighbor elements ( +1 − −1 , +1 − −1 ), we can alleviate the noise and outliers.
Experiment
Gesture Set.
Experiments were conducted on two public benchmark datasets (MSRC-12 Kinect Gesture Dataset, G3D) [20, 21] ; the gestures in both databases can be applied as interfaces of various fields. MSRC-12 is a relatively large dataset for gesture/action recognition from 3D skeleton data captured by a Kinect sensor. The dataset has 594 sequences, containing 12 gestures by 30 subjects, 6244 gesture instances in total. The 12 gestures (as shown in Figure 8 ) are as follows: "lift outstretched arms," "duck," "push right," "goggles," "wind it up," "shoot," "bow," "throw," "had enough," "beat both," "change weapon," and "kick." For this dataset, cross subject protocol is adopted, that is, odd subjects for training and even subjects for testing.
The G3D database contains 20 gaming gestures (punch right, punch left, kick right, kick left, defend, golf swing, tennis swing forehand, tennis swing, backhand tennis serve, throw bowling-ball, aim and fire gun, walk, run, jump, climb, crouch, steer a car, wave, flap, and clap). Moreover, these gestures were captured through a Kinect sensor in an indoor environment as shown in Figure 9 .
Interpolation Performance of Gesture Sequence.
The DTW algorithm permits differences of sequence length; however, the recognition of fast-moving gestures is likely to cause problems. When the lengths of the compared sequences are different, repeated matching could occur; similar repetitive matching increases the incidence of error. To resolve this challenge, we used a spline sequence interpolation and tested its performance alongside other methods including linearinterpolation and low-pass interpolation methods. As the interpolation of all gesture sequences involves high computational expense, we interpolated only those sequences with lengths that are below average to the normal to compare the differences. We selected the sequence with the lowest distance among the similar gestures in the learning data and the measured recall factor using the 1-NN method. Figure 10 shows the mean recall value that was measured for both the datasets for various interpolation methods. All the interpolation methods improved the recognition rate. The spline and low-pass interpolation methods exhibit similar results, and their performances are superior to that of the linear-interpolation method. We eventually selected the spline method with the most favorable performance result. We did not interpolate all the sequences that were subsequently used in the experiments and used only the spline interpolation method on those sequences with a below-average length.
Determination of Parameter .
The modified DTW based on DS uses the directional distance and Euclidean distance, and the ratio is adjusted through . The optimal value of could differ depending on the characteristics of the gesture set. To determine an optimal value, we changed from "0" to "1" at intervals of "0.1" during the learning stage and measured the recognition rate using the 1-NN method. We selected the representative sequence prior to measuring the recognition rate. Furthermore, we selected the sequence that exhibited the lowest average distance by calculating the DTW distances of all the sequences for similar gestures and used all the sequences excluding the representative sequence as inputs to measure the recognition rate; thereby, parameter was changed with the use of a modified DTW-based DS. Figures  11 and 12 show the recognition rates of various values of . The G3D gestures were set to = 0.6, while the MSRC-12 gestures were set to = 0.8.
Comparison and Analysis of DTW Performance Based on DS.
To analyze the DTW performance based on DS (DTWDS) in our study, we used the 1-NN and conventional gesture-recognition methods. To verify the differences from the other DTW algorithms, we compared DTW and modified DTW. In comparison with the general methods, we used discrete HMM, SVM (for MSRC-12 datasets only) [22] , and two CNN methods (SOS, JTM) [23, 24] . The 1-NN method was used to find the most similar movement in the gesturerecognition system, and the threshold-value setting of the gesture-recognition system was used to filter out insignificant gestures. We used the 1-NN method to measure the recall ratio by comparing the input gestures that were not used in the learning and the representative gestures of each movement to select the gesture with the lowest distance. In the event of a similarity, we recorded it as "true"; otherwise, we recorded it as "false." Moreover, all the sequences in the database were used as inputs. Then, every single neighbor of each class in 1-NN was adjusted when the input was changed. Figures 13 and 14 show the experimental result with MSRC-12 datasets and G3D, respectively.
For the HMM results, the empirical numbers of states are used for each database. It is challenging for HMM with static number of states to model continuous sequenced gestures compared to other methods. SVM performed better than standard DTW, DDTW, and HMM; however, CNN was more effective for MSRC-12 datasets.
The proposed method (DTW with DS) also exhibits favorable performances in both the gesture sets. Neither the position nor the shape of the gesture was selected by the modified DTW based on DS, ensuring a more favorable performance than that of DTW and DDTW. The proposed method outperformed the other methods for MSRC-12 datasets, with an average value of 3.89%; however, for the G3D datasets, the proposed method exhibited no significant difference with the two CNN methods. The modified DTW based on DS adjusts the portion of the Euclidean distance and expands the difference between the true and false gestures; therefore, it exhibits a higher degree of accuracy compared to the other methods. Moreover, we applied normalization and interpolation methods for the matching process in the modified DTW based on DS (proposed method).
Conclusion
DTW is a pattern-matching algorithm that is used in different areas and has a number of advantages including a simple calculation process and a lower learning pressure when compared to HMM and deep learning-based methods. This study alleviated the matching errors that result from the differences of sequence length through the use of spline interpolation when such differences arose. The proposed modified DTW considers position and shape of gestures, which are important characteristics in gesture expression, and incorporates the ratio of the directional distance and the Euclidean distance. The value of was obtained empirically throughout the experiment to determine the optimal ratio of the directional distance and Euclidean distance based on the targeted gesture. Even when the gesture set was changed, we verified its gesture-recognition performance by adjusting the value at the learning stage. In comparison with the method that only considers one characteristic or a linear summation of two characteristics, the results revealed that the proposed method achieved remarkable performance.
